This paper uses both the stochastic and nonstochastic production function approach to measure technical efficiency in public education in Utah. The stochastic specification estimates technical efficiency, assuming half normal and exponential distributions. The nonstochastic specification uses two-stage DEA to separate the effects of fixed inputs on the measure of technical efficiency. The empirical analysis shows substantial variation in efficiency among school districts.
Introduction
Efficiency in the public education system is a significant issue in the United States.
Nationwide, real expenditure per student in public education increased over 8% per year between 1960 and 1993, but output, as generally measured by standardized test scores, has not increased and, in some cases (e.g., the verbal SAT score), has declined.
2 One explanation is that resources are not being utilized efficiently. There may be productive or technical inefficiency and/or allocative or price inefficiency (i.e., given the relative prices of inputs, the cost-minimizing input combination is not used). This paper evaluates the technical inefficiency in public schools using data from Utah school districts.
The pioneering work by Farrell (1957) provides the definition and conceptual framework for both technical and allocative efficiency. While technical efficiency refers to failure to operate on the production frontier, allocative efficiency generally refers to the failure to meet the marginal conditions for profit maximization. Since Farrell's original work, considerable effort has been directed at refining the measurement of technical efficiency. The literature is broadly divided into deterministic and stochastic frontier methodologies. 3 The deterministic nonparametric approach that lPost-Doctoral Research Associate, Department of Agricultural and Applied Economics, Texas Tech University, Lubbock TX 79409-2132; and Professor and Professor, Department of Economics, Utah State University, Logan, UT 84322-3530. 2See U. S. Department of Commerce (1994) , Tables 239, 264, and 265. 3See Ali and Byerlee (1991) , Lovell (1993) , Greene (1993), and Coelli (1995) for a detailed discussion on the methods for analyzing technical efficiency. developed out of mathematical programming is commonly known as data envelopment analysis (DEA), and the parametric approach that estimates technical efficiency within a stochastic production, cost, or profit function model, is called the stochastic frontier method. Both approaches have advantages and disadvantages, which are elaborately discussed in F orsund, Lovell, and Schmidt (1980) . DEA has been used extensively in measuring efficiency in the public sector (e.g., education), where market prices for output are not available. For example, Levin (1974) , Bessent and Bessent (1980) , Bessent et al. (1982) , and Grosskopf and Weber (1989) use this method to estimate efficiency in public education. The stochastic frontier methodology was used by Barrow (1991) to estimate a stochastic cost frontier using data from schools in England. Wyckoff and Lavinge (1991) and Cooper and Cohn (1997) estimate technical efficiency using school district data from New York and South Carolina, respectively. Grosskopf et al. (1991) use the parametric approach to estimate allocative and technical efficiency in Texas school districts. The recent literature has seen a convergence of the two approaches and their complementarity is being recognized. 4 However, there is a lack of empirical evidence in the literature about the proximity of these two approaches in measuring technical efficiency. Policy formulations based on the efficiency estimates using either method may not be accurate because of the inherent limitations of each. Prior to policy action being taken, the stability of the technical efficiency estimates based on the parametric method should be evaluated by comparing them against those determined by the nonparametric method.
4The Journal of Econometrics (1990) devotes an entire supplemental issue to parametric and nonparametric approaches to frontier analysis.
In this study, technical efficiency estimates for each school district, using the stochastic frontier method and the Tobit residuals from the two-stage DEA model, are compared. In the two-stage DEA model, technical efficiency scores obtained from DEA using controllable inputs are regressed on the socioeconomic status of the students (SES) and other environmental factors.
Residuals in such regression models measure pure technical efficiency after accounting for fixed SES and environmental factors.
The empirical analysis uses data from the 40 school districts in Utah for the academic year 1992-93. A standardized test score for the 11 th grade students is used as a measure of school output, and two classes of inputs are included. The first, considered to be subject to control by school administrators, includes the student/teacher ratio, percentage of teachers having an advanced degree, and percentage of teachers with more than 15 years of experience. The second class includes such uncontrollable factors as the socioeconomic status of the students, education level of the local population, and net assessed real property value per student. The objective of the study is to measure technical efficiency at the individual school district level using both stochastic and nonstochastic estimation methods and to identify the sources of inefficiency. This paper is organized as follows. First, the relevant literature is reviewed, and this is followed by a definition of educational production function. Next, the stochastic and DEA specifications of technical inefficiency are discussed. Finally, the data set is discussed, and the empirical results are presented.
Background
For a given technology and set of input prices, the production frontier defines the maximum / output forthcoming from a given combination of inputs. Similarly, the cost frontier defines the minimum level of cost for providing a certain level of output given input prices. Finally, the profit frontier defines the maximum profit attainable given input and output prices. Inefficiency is measured by the extent that a firm lies below its production and profit frontier and above its cost frontier. Koopmans (1951) defines a technically efficient producer as one who cannot increase the production of anyone output rate without decreasing another or without increasing some input. Debreu (1951) and Farrell (1957) offer a measure of technical efficiency as one minus the maximum equiproportionate reduction in all inputs that still allows continuous production of a given output rate (Lovell 1993) .
The earliest study that measures technical inefficiency in education production is Levin (1974; 1976) . He used the Aigner and Chu (1968) parametric nonstochastic linear programming model to estimate the coefficients of the production frontier, and found that parameter estimation by ordinary least square (OLS) does not provide correct estimates of the relationship between inputs and output for technically efficient schools-it only determines an average relationship. Klitgaard and Hall (1975) use OLS techniques to find that schools with smaller classes and better paid and more experienced teachers produce higher achievement scores. However, their study also is based on an average relationship rather than an individual school-specific relationship between inputs and output.
Among the studies on technical efficiency in public schools using the DEA method, the earliest was done by Chames, Cooper, and Rhodes (1978) , who evaluated the efficiency of individual schools relative to a production frontier. Bessent and Bessent (1980) and Bessent et al. (1982) made further refinements by incorporating a nonparametric form of the production function, ./ introducing multiple outputs, and identifying sources of inefficiency for an individual school.
Further extensions were made by Ray (1991) and McCarty and Yaisawamg (1993) , who considered controllable inputs in the first stage of the DEA model to measure technical efficiency. Then the SES and environmental (i.e., noncontrollable) inputs were used as regressors in the second stage using OLS or a Tobit model, and the residual was analyzed to determine the performance of each school district.
In these studies, the production frontier is deterministic in that it is common to all firms, and any deviation from that frontier is attributable to differences in efficiency. The concept of a deterministic frontier ignores the possibility that a firm's performance may be affected by factors both within and outside its control. That is, combining the effects of any measurement error with other sources of stochastic variation in the dependent variable (e.g., an outlier) in the single one-sided error term may lead to biased estimation of technical inefficiency. In response to this, the concept of a stochastic production frontier was developed and extended by Aigner, Lovell, and Schmidt (1977) , Meeusen and van den Broeck (1977) , Battese and Corra (1977) , Battese and Coelli (1988) , Lee and Tyler (1978) , Pitt and Lee (1981) , Jondrow et al. (1982) , Kalirajan and Flinn (1983) , Bagi and Huang (1983) , Schmidt and Sickles (1984) , and Waldman (1984) . The basic idea behind the stochastic frontier model as stated by Forsund, Lovell, and Schmidt (1980) is that the error term is composed of two parts: (1) the systematic component (i.e., traditional random error, v) that captures the effect of measurement error, other statistical noise, and the random shocks, and (2) the one-sided component that captures the effects of inefficiency.
Frontier production models have been analyzed either in the framework of the production function or by using duality in the form of a cost-minimizing or profit-maximizing framework. Barrow's (1991) study of schools in England tested various forms of the cost frontier and found the level of efficiency to be sensitive to the method of estimation. In their study of technical inefficiency in elementary schools in New York, Wyckoff and Lavinge (1991) estimate the production function directly and find that the index of technical inefficiency depends on the definition of educational output. For example, if output is measured by the level of cognitive skill of students rather than their college entrance test scores (i.e., the ACT, SAT, or any other type of composite test score consisting ofreading, writing, and mathematics skills), the index of technical inefficiency based on each output measure will be different. Grosskopf et al. (1991) used a stochastic frontier and distance function to measure technical and allocative efficiency in Texas school districts and concluded that they were technically efficient bu~ allocatively inefficient.
Defining the Educational Production Function
In the production of education, school districts use various school and nonschool inputs to produce multiple outputs, generally measured by achievement test scores. Since, the purpose of education is to develop the student's basic cognitive skills, these skills are often measured by the scores in reading, writing, and mathematics tests. However, there are references in the literature where output is measured either by the number of students graduating per year, student success in gaining admission into the higher education, or a student's future earning potential.
In most studies of the education production function, the measure of output is limited by the availability of data. School inputs that are associated with student achievement scores are typically measured by the student/teacher ratio, teacher educational qualifications and teaching experience, and various instructional and noninstructional expenditures per student. Nonschool inputs include J socioeconomic status of the students (SES) and other environmental factors that influence student productivity. While family income, number of parents in the home, parental education, and ethnic background measure the SES of the students, geographic location (i.e., rural/urban) and net assessed value per student capture the environmental factors.
School inputs that are basically associated with the instructional and noninstructional activities are under the control of the school management. Most studies in educational production find an insignificant relationship between most of the school inputs and outputs. For example, see Walberg and Fowler (1987) , Hanushek (1971) , Deller and Rudnicki (1993) , and Cooper and Cohn (1997) . These studies and those by Hanushek (1986) and Grosskopf and Weber (1989) find a significant influence of SES and environmental factors on achievement scores.
A school district is technically efficient if it is observed to produce the maximum level of / output from a given bundle of resources used or, conversely, uses minimum resources to produce a given level of output. In this study, the single output of our educational production function is measured by the average score on the 11 th grade standardized battery test.
Stochastic Specification of Technical Efficiency
In the stochastic frontier model, a nonnegative error term representing technical inefficiency is subtracted from the traditional random error in the classical linear model. The general formulation of the model is:
( 1) where Yi is output and the xu" are inputs. It captures the effect of inefficiency (Forsund, Lovell, and Schmidt 1980) . Most of the earlier stochastic production frontier studies only calculated mean technical inefficiency of firms in the industry because they could not decompose the residual for individual observations into the two components. Jondrow et al. (1982) solve the problem by defining the functional form of the distribution of the one-sided inefficiency component and derive the conditional distribution of
for two popular distribution cases (i.e., the half normal and the exponential) to estimate
firm-specific technical inefficiency.
For this study, let the production function for the ith school district be represented by:
where Y is output and Xj are exogenous inputs. A is the efficiency parameter and v is the stochastic disturbance term. The production function in (2) is related to the stochastic frontier model by Aigner, Lovell, and Schmidt (1977) , who specify A as:
where ao is a parameter common to all districts and u is the degree of technical inefficiency that varies across school districts. Units for which u = 0 are most efficient. A district is said to be technically inefficient if output is less than the maximum possible rate defined by the frontier. The term V is the usual two-sided error term that represents shifts in the frontier due to favorable and unfavorable external factors and measurement error. 
If there is no inefficiency and potential output is denoted by Y, then the production function is written as:
Hence, the appropriate measure of technical efficiency is:
Potential output is the maximum possible when u = 0 in equation (3). A technically efficient school district produces outputs (i. e., standardized test scores) that are on the stochastic production frontier, which is subject to random fluctuations captured by v. However, because of differences in managerial efficiency, actual performance deviates from the frontier.
Since, U 2 0, 0 ~ e 11 ~ 1, and e-U is a measure of technical efficiency, the mean technical
Thus, technical inefficiency is measured by 1 -eu , where e-U is technical efficiency bounded by 0 and 1. That is, technical efficiency lies between 1 and 0, and technical inefficiency is bounded between 0 and 1. This study uses the method of estimation suggested by Iondrow et al. (1982) to estimate technical inefficiency in each school district.
/
DEA Specification of Technical Efficiency
The nonparametric mathematical programming approach to frontier estimation is known as data envelopment analysis (DEA). This approach constructs the best practice production frontier as a piecewise linear envelopment of the available data on all producers in such a manner that all observed points lie on or below the frontier. In DEA, the performance of a producer is evaluated in terms of his ability to either shrink an input vector or expand an output vector subject to the restrictions imposed by the best observed practice. This measure of performance is relative in the sense, that efficiency in each school district is evaluated against the most efficient district and is measured by the ratio of maximal potential output to actual observed output. A simple input-oriented DEA model is presented in this section, and for a detailed methodological discussion see Seiford and Thrall (1990) , Lovell (1993) , Fare, Grosskopf, and Lovell (1994) , and Chakraborty J and Mohapatra (1997).
Following Fare et al. (1994) , assume there are K school districts uSIng N inputs, 
where z is the (1,10 intensity vector identifying to what extent a particular activity (x", y") is utilized.
The assumption of strong disposability as a feature of technology implies inputs can be increased without decreasing output, which excludes upward-sloping isoquants and noneconomic regions.
Given the (e, S) technology in the above specification, an input measure of technical efficiency for activity k is the solution to the linear programming problem:
Hence, F . (y k, X k I e, S) = 1 implies district k is the most efficient and lies on the frontier, and any 1 value less than 1 implies the district is operating above the frontier. The implication of the technical efficiency score using input-oriented DEA is the extent that the input vector may be reduced to produce the same output vector. The restrictive assumption of constant returns to scale on the production technology is further relaxed in nonincreasing (N, S) and variable returns to scale (V, S),
imposing the following restrictions on the intensity vector as ~ Z k S 1 and ~ Z k = 1, respectively.
An X2, X3) are subj ect to control by management, whereas inputs X 4 through X6 are beyond such control. The summary statistics for both inputs and output are reported in Table 1 .
Measuring technical efficiency using DEA requires that some of these inputs be rescaled so that they are positively correlated with the output vector. For example, the student/teacher ratio (Xl), and percentage of students receiving AFDC subsidized lunch input (x 4 ) are negatively associated with the output measure in our stochastic model and are rescaled as teachers per student (l/XI) and percentage of students buying their own lunch (100-x 4 ) when using them as inputs in DEA.
Following Schmidt and Lovell (1979) and Battese and Coelli (1988) , a Cobb-Douglas functional form of the production function is postulated. The educational production function in log linear form is:
where Yi is the educational output (i.e., average test score), the x/s are the inputs described above, 
Empirical Results
Maximum-likelihood estimates S of the parameters based on half normal and exponential distributions of u are reported in Table 2 . Except for the net assessed value per student, all the coefficients have correct sign but only the coefficient of the percentage of population with high school education is significant at the 0.05 level. The possible reason for a negative sign on net assessed value per student input is the presence of strong multicollinearity with other socioeconomic inputs. The coefficient on the education level of the district population implies that a 1 % change in population with a high school diploma is associated with a 0.91 % to 0.96% change in test scores.
This indicates the importance of the environment for learning provided in the home. The negative sign on the student/teacher ratio is as expected and confirms the conventional wisdom that smaller classes are more conducive to better learning. Positive coefficients on teaching experience and teacher educational qualifications imply positive contributions of these inputs in the student learning process. Finally, the welfare variable has the expected negative sign, but the coefficient is not statistically significant.
These results are consistent with those obtained by Walberg and Fowler (1987) and Cooper and Cohn (1997) , who found a positive effect of quality of instructional staff and weak negative effects of student/teacher ratio on achievement test scores. The coefficient of the parameter A, which is equal to a/a v, indicates the presence of inefficiency in the production process. A highly significant coefficient on A implies a higher value of au than a v , which implies a high degree of 5Parameters of stochastic frontier production function and the technical efficiency estimates are made using LIMDEP. The size of the district (i.e., number of students) also is shown in column 3 of Table 3 . There is no obvious relationship between size and efficiency discernible from these data.
In the case of half normal distributions, the most and the least efficient school districts have technical efficiency scores of 0.9698 and 0.5252, respectively. While, analyzing the sources of inefficiency in the case of the latter, it is revealed that a high student/teacher ratio is mainly responsible for the poor performance that amounts to managerial inefficiency. Depending on the measure used, 18 to 24 of the school districts have efficiency measures of 0.90 or more. This probably should be construed as being good performance, given the nature of the production system and the constraints within which resource allocation decisions can be made, especially with regard to personnel, many of whom have rather strong employment security. Table 4 presents the results obtained from the two-stage DEA model. While technical efficiency estimates, assuming constant (C, S) and nonincreasing (N, S) returns to scale and strong disposability of inputs (not reported in this study), produced almost the same efficiency scores, the variable returns to scale (V, S) assumption produced higher efficiency scores for each district. Technical efficiency estimates, using the variable returns to scale assumption with strong disposability of inputs (V, S), are presented in column 3 and the Tobit residuals are presented in column 5 of Table 4 . It is observed that the ordering of the school districts in column 2, based on technical efficiency scores from DEA, and the ordering in column 4, based on the Tobit residuals, did not change significantly before and after the SES of the students were considered. For example, highly inefficient school districts, such as Provo, Salt Lake City, Emery, San Juan, and Tintic, remain inefficient in both columns 2 and 4. This indicates that the poor performance of these units is due not to the low SES of students but rather to managerial inefficiency. However, when the effects ofSES and environmental factors were eliminated in the Tobit residuals, which measure pure technical efficiency, the ordering of Alpine, Davis, Park City, and Cache districts dropped from 1, 3, 11, and 20 in column 2 to 11, 13, 18, and 29 in column 4, respectively. This implies that the higher technical efficiency of these school districts at the first stage of DEA (i.e., column 2) are not due to managerial efficiency but because most students come from a higher SES background.
Conversely, efficiency increased in the Rich, Ogden, Millard, and Uintah districts increased when the effects of the SES and environmental factors were eliminated in the Tobit residuals, suggesting that most of these students come from a lower SES background.
In Table 5 , the relative performance of the districts based on the stochastic frontier methodology (half normal) are compared with the two-stage DEA model. Recall that the technical efficiency estimates and their rankings obtained from the stochastic method and the first-stage DEA cannot be compared directly because two different sets of input vectors are used in these two estimation methods. While the stochastic method uses both school and nonschool inputs, only school inputs are considered in the first stage DEA. From Table 5 , it is observable that the districts that are highly technically efficient in stochastic estimation (e.g., Provo, Park City, Kane, Logan, Salt Lake City, Tintic, and Duchesne (column 2)) are less efficient when compared using the Tobit residuals (column 4). The reason is due to the basic assumption about the random disturbance term.
In the stochastic specification, a deviation of the production function from the frontier is the sum of The two-stage DEA analysis of efficiency also indicates that socioeconomic and environmental factors have a strong influence on student success. There does not appear to be systematic similarity among the most and least efficient school districts. In tenns of size, ten districts at each end of the efficiency scale include both large and small districts, and they are geographically dispersed. Also, there is no apparent correlation between efficiency and the nature of the local economic base. Both groups include districts in areas where agriculture, mineral extraction, or tourism is the predominant economic activity.
These have several important policy implications. For example, districts with high SES students might improve efficiency by better management of controllable inputs (i.e., teaching and other staff, student work load, etc.) and/or adoption of programs that link part of teacher compensation to student perfonnance. Districts with large number of low SES students face a more difficult challenge as they train students who have less intellectual support at home. In such districts, efficiency might be enhanced by some resource allocation to: (1) pre-kindergarten programs to better prepare young children for entering school, (2) adult education, and/or (3) facilitate greater teacher/parent interaction designed to encourage parental support of the student's educational activity.
u by integrating u from 0 to cx. Following Maddala (1977) , the pdfofe, which is a composite ofv and u is written as: Individual specific estimates of inefficiency measured by Jondrow et. al. (1982) , using the conditional mean of u given e, involve the following steps:
First fmd the joint density of u and v, which may be written as : Therefore, following Jondrow et. al. (1982) , the conditional density of u given e, for halfnonnal distribution, is: 
